Electrical source imaging of interictal spikes observed in EEG recordings of patients with refractory epilepsy provides useful information to localize the epileptogenic focus during the presurgical evaluation. However, the selection of the time points or time epochs of the spikes in order to estimate the origin of the activity remains a challenge. In this study, we consider a Bayesian EEG source imaging technique for distributed sources, i.e. the multiple volumetric sparse priors (MSVP) approach. The approach allows to estimate the time courses of the intensity of the sources corresponding with a specific time epoch of the spike. Based on presurgical averaged interictal spikes in six patients who were successfully treated with surgery, we estimated the time courses of the source intensities for three different time epochs: (i) an epoch starting 50 ms before the spike peak and ending at 50% of the spike peak during the rising phase of the spike, (ii) an epoch starting 50 ms before the spike peak and ending at the spike peak and (iii) an epoch containing the full spike time period starting 50 ms before the spike peak and ending 230 ms after the spike peak. To identify the primary source of the spike activity, the source with the maximum energy from 50 ms before the spike peak till 50% of the spike peak was subsequently selected for each of the time windows. For comparison, the activity at the spike peaks and at 50% of the peaks was localized using the LORETA inversion technique and an ECD approach. Both patient-specific spherical forward models and patient-specific 5-layered finite difference models were considered to evaluate the influence of the forward model. Based on the resected zones in each of the patients, extracted from post-operative MR images, we compared the distances to the resection border of the estimated activity. Using the spherical models, the distances to the resection border for the MSVP approach and each of the different time epochs were in the same range as the LORETA and ECD techniques. We found distances smaller than 23 mm, with robust results for all the patients. For the finite difference models, we found that the distances to the resection border for the MSVP inversions of the full spike time epochs were generally smaller compared to the MSVP inversions of the time epochs before the spike peak. The results also suggest that the inversions using the finite difference models resulted in slightly smaller distances to the resection border compared to the spherical models. The results we obtained are promising because the MSVP approach allows to study the network of the estimated source-intensities and allows to characterize the spatial extent of the underlying sources.
Electrical source imaging of interictal spikes observed in EEG recordings of patients with refractory epilepsy provides useful information to localize the epileptogenic focus during the presurgical evaluation. However, the selection of the time points or time epochs of the spikes in order to estimate the origin of the activity remains a challenge. In this study, we consider a Bayesian EEG source imaging technique for distributed sources, i.e. the multiple volumetric sparse priors (MSVP) approach. The approach allows to estimate the time courses of the intensity of the sources corresponding with a specific time epoch of the spike. Based on presurgical averaged interictal spikes in six patients who were successfully treated with surgery, we estimated the time courses of the source intensities for three different time epochs: (i) an epoch starting 50 ms before the spike peak and ending at 50% of the spike peak during the rising phase of the spike, (ii) an epoch starting 50 ms before the spike peak and ending at the spike peak and (iii) an epoch containing the full spike time period starting 50 ms before the spike peak and ending 230 ms after the spike peak. To identify the primary source of the spike activity, the source with the maximum energy from 50 ms before the spike peak till 50% of the spike peak was subsequently selected for each of the time windows. For comparison, the activity at the spike peaks and at 50% of the peaks was localized using the LORETA inversion technique and an ECD approach. Both patient-specific spherical forward models and patient-specific 5-layered finite difference models were considered to evaluate the influence of the forward model. Based on the resected zones in each of the patients, extracted from post-operative MR images, we compared the distances to the resection border of the estimated activity. Using the spherical models, the distances to the resection border for the MSVP approach and each of the different time epochs were in the same range as the LORETA and ECD techniques. We found distances smaller than 23 mm, with robust results for all the patients. For the finite difference models, we found that the distances to the resection border for the MSVP inversions of the full spike time epochs were generally smaller compared to the MSVP inversions of the time epochs before the spike peak. The results also suggest that the inversions using the finite difference models resulted in slightly smaller distances to the resection border compared to the spherical models. The results we obtained are promising because the MSVP approach allows to study the network of the estimated source-intensities and allows to characterize the spatial extent of the underlying sources.
Introduction
Approximately 30% of the patients with epilepsy suffer from refractory epilepsy, a condition in which epileptic seizures are not adequately controlled with anti-epileptic drugs. One of the treatments for refractory epilepsy patients is epilepsy surgery (Boon et al., 1999b) . The suitability for a surgical procedure to treat the patient is assessed during the presurgical evaluation. During this evaluation, different anatomical and functional techniques, investigating various aspects of the patient's epilepsy, are combined in order to delineate the zone that is responsible for initiating the seizures. This is the so called epileptogenic zone (EZ), whose removal or disconnection is necessary for abolition of the seizures (Luders and Awad, 1992) . The recording of the electroencephalogram (EEG) that measures the electrical brain activity non-invasively by means of electrode sensors placed on the patient's head, is one of the cornerstone techniques. EEG recordings allow to identify the seizure onset zone (SOZ), defined by the region in the brain generating the seizure onset discharges in the EEG, and the irritative zone (IZ) defined by the region in the brain generating interictal epileptiform discharges (IED) in the EEG in between the seizures (Rosenow and Lüders, 2001) .
Interictal spikes are typical manifestations of IED in the EEG. They are characterized by a large amplitude rapid component lasting 50-100 ms that is usually followed by a slow wave, 200-500 ms in duration (de Curtis et al., 2012) . Electrical source imaging (ESI) techniques allow to localize the generating sources of interictal spikes in order to delineate the IZ (Michel et al., 2004; Kaiboriboon et al., 2012; Michel and Murray, 2012) . Several studies showed high positive predictive value of interictal spike ESI during the presurgical evaluation (Boon et al., 1997a (Boon et al., , 1997b (Boon et al., , 1999a Michel et al., 1999; Plummer et al., 2007; Oliva et al., 2010; Brodbeck et al., 2010 Brodbeck et al., , 2011 . However, the precise clinical value for epileptogenic focus localization is challenging because the IZ could be distant and, or completely separate from the SOZ and the EZ (Kaiboriboon et al., 2012) . Moreover, the IZ is considered to be spatially more extensive than the SOZ (Carrette et al., 2011b) .
The generation of interictal spikes is a complex phenomenon, and propagation of activity from the source to remote cortical regions can occur within milliseconds (Alarcon et al., 1994; Wennberg et al., 2011; Kaiboriboon et al., 2012) . As a consequence, a common problem in the ESI procedure is the selection of the time points or time epochs of the spike in order to localize the primary sources of the activity and not the areas to which the epileptic activity is spreading. It has been shown in previous studies that the early component of the spike is likely to represent the location and field of the source, and the peak of the epileptiform discharge actually reflects propagated activity (Merlet et al., 1996; Lantz et al., 2003; Rose and Ebersole, 2009; Plummer et al., 2008; Aydin et al., 2015) . As such, modeling of the spike peak could be misleading to delineate the IZ. However, the early component of the spike is of much smaller amplitude compared to the peak, so accurate modeling may be easily affected by noise contamination (Scherg et al., 1999) .
The golden standard to assess the accuracy of ESI for interictal spikes is to compare the results of ESI with (simultaneously) recorded spikes from intracranial EEG. These kind of datasets are however restricted for validation to the locations where the intracranial electrodes are placed. Moreover, simultaneous recordings will affect the ESI results due to skull defects and the placement of the electrodes (Li et al., 2007; Lanfer et al., 2012 Lanfer et al., , 2013 Lau et al., 2014) . An alternative way is to evaluate presurgical EEG data with a high incidence of interictal spikes that were recorded in patients with good surgical outcome and who showed no interictal spike activity in postsurgical EEG registrations. Studies show that areas with high incidence of interictal spikes highly correlate with the EZ (Asano et al., 2003; Marsh et al., 2010) and the resection of the IZ, instead of the EZ provides good surgical outcome (Bautista et al., 1999) . Moreover, a study using simultaneously recorded EEG/MEG and intracranial recordings showed that the very early components of interictal spike activity were not yet subject to propagation and were found within the SOZ (Aydin et al., 2015) . By including these kinds of patients and retrospectively analyzing interictal epileptiform spikes, the ESI activity can be correlated to the resected zone . This relies on the assumption that the very early components of the interictal spike activity in these patients, which are not necessarily visible in the EEG, were part of the EZ.
In this paper we evaluate an ESI technique that allows to estimate the activity of sources distributed in the brain of the patient corresponding with a specific time epoch of the interictal spike activity. It is an application of our previous work in which we suggested to use multiple sparse volumetric priors (MSVP) for ESI using the hierarchical Bayesian framework implemented in the statistical parametric mapping software 1 (Strobbe et al., 2014a (Strobbe et al., , 2014b . Compared to the more traditional approaches, where the sources are typically estimated that correspond to the spike peak, or to 50% of the spike peak during the rising phase of the spike (Boon et al., 1997a (Boon et al., , 1999a Brodbeck et al., 2011; Birot et al., 2014) , the choice of the time epoch in order to localize the origin of the activity using the MSVP method is not clear. In the Ossa et al. (2015) study, the authors already suggested to use the approach by limiting the inversion procedure to a specific time epoch before the spike. In this study, three different time epochs were chosen for inversion: (i) a window starting 50 ms before the spike peak and ending at 50% of the spike peak during the rising phase of the spike, (ii) a window starting 50 ms before the spike peak and ending at the spike peak and (iii) a window starting 50 ms before the spike peak and ending 230 ms after the spike peak. For each of the time windows, the time courses of the intensity of the distributed sources in the brain of the patients were estimated. Subsequently, the primary sources generating the interictal spikes were identified as the sources with the maximum energy corresponding to the beginning of the spike till 50% of the peak during the rising phase of the spike. For verification, we compared the performance of the MSVP approach with the results obtained with the LORETA approach and an equivalent current dipole (ECD) approach. For these more traditional approaches we estimated the sources at the spike peak and at 50% of the spike peak during the rising phase of the spike. Based on interictal spikes recorded in six patients that were rendered seizure free after surgery and that showed no interictal spikes in post-operative routine EEG recordings, we were able to evaluate the considered approaches by comparing the distances of the estimated activity to the border of the resected area.
Patient data
We retrospectively selected interictal spike data in six patients with refractory partial temporal lobe epilepsy who underwent resective surgery using the following inclusion criteria: (i) the patient was seizure free (i.e. Engel class I) after surgery, with minimum follow-up of 1.5 years, (ii) the electrode positions were known, (iii) the seizures and the majority of interictal spikes showed the same lateralization in the EEG recordings, i.e. over the left or right hemisphere and (iv) there were no spikes observed in routine EEG registrations of 0.5 h, 6 months after resection. An overview of the patient data is given in Tables 1 and 2. Three patients had 27 channel EEG recordings and 3 patients had 64 channel EEG recordings. The recorded interictal EEG data was first filtered between 0.5 and 40 Hz with a Butterworth zero phase filter and a 50 Hz notch filter implemented in the Brain Vision Analyzer software (Brainproducts, Munich). Spike selection was visually performed by one expert electrophysiologist (AM or EC) experienced in reading clinical EEG. All patients had one dominant spike type with an invariable morphology and maximal amplitude at the same electrode. For patient 2 both anterior and posterior spikes were observed over the left hemisphere. The majority of spikes were anterior and selected for analysis. For the patients that showed bilateral interictal activity, i.e. patients 3 and 5, we only selected the dominant side for analysis because more than 90% of the spikes originated from that side. The spikes were marked at the time point with the highest amplitude, i.e. the peak of the spike, on the same channel. The spikes were subsequently segmented from − 50 ms to 230 ms around the peak, in order to include the large amplitude rapid component followed by a slow wave for inversion. The spikes were subsequently averaged. Some electrodes were removed in the analysis due to bad signal quality. In Figs. 1 and 2, the averaged spikes for the 64 channel and 27 channel recordings are shown, respectively. The electrode for spike selection and the number of averaged spikes are depicted for each patient. For each of the patients the topography corresponding to the spike peak and at 50% of the peak is also shown. The spikes were finally average referenced before ESI.
For all patients, presurgical and postsurgical anatomical MR images were available. We manually segmented the resected zone from the postsurgical anatomical MR images to determine the volume of the resection and to compare the ESI approaches considered in this study. We extracted the electrode positions from CT images of the patients (with scalp electrodes attached) for the 27 channel recordings and Polhemus recordings (by Polhemus Inc., USA) for the 64 channel EEG.
EEG source imaging of interictal spikes
The MSVP technique is compared to two approaches typically used in clinical practice: an equivalent current dipole (ECD) approach (Scherg, 1990) and the low resolution electromagnetic tomography algorithm known as LORETA (Pascual-Marqui et al., 1994) .
For each of these inversion techniques we considered two types of forward models. We used the CARTOOL software (by Denis Brunet (brainmapping.unige.ch/cartool)) to construct patient-specific spherical forward models for all patients. In addition, 5-layered patientspecific models were constructed based on the finite difference method (FDM) (Hallez et al., 2005; Strobbe et al., 2014a) in order to investigate the effect of using more advanced forward models. In what follows we provide the details of the considered approaches.
Forward modeling

Locally Spherical Model with Anatomical Constraints (LSMAC)
In the CARTOOL software, multi-layer spherical head models were constructed taking into account the anatomical presurgical MR images of the patients. This approach is known as the Locally Spherical Model with Anatomical Constraints, or LSMAC model (Brunet et al., 2011; Birot et al., 2014) . In this approach, an adaptive local spherical model is used at each electrode. To do so, the thicknesses of the scalp, skull Table 1 Overview of the patient data, P1-3, we used in this study. The total number of electrodes was 64, but some of them were removed because of bad signal quality. F = female, TLE = temporal lobe epilepsy, phase rev. = phase reversal, elec. pos. = electrode positions, sampling freq. = sampling frequency, resection vol. = resection volume, and post-op = post-operative. Table 2 Overview of the patient data, P4-6 we used in this study. The total number of electrodes was 27, but some of them were removed because of bad signal quality. F = female, TLE = temporal lobe epilepsy, phase rev. = phase reversal, elec. pos. = electrode positions, sampling freq. = sampling frequency, resection vol. = resection volume, and post-op = post-operative. and brain are estimated from the MR images of the patients. These thicknesses are then used in a 3-shell spherical model with the local radiuses. Around 5000 dipole solution points with free orientations were distributed with mean inter-dipole distances of approximately 3 mm inside the brain surface for each patient. The lead field matrices in x, y and z directions were subsequently computed for each electrode using the known analytical solutions for a three-shell spherical head model (Ary et al., 1981) . The averaged spikes and topographies corresponding with the spike peak and at 50% of the spike peak for the 64 channels recordings in patients 1 to 3. The vertical blue lines correspond with the spike peaks. The vertical dashed lines correspond with 50% of the spike peak during the rising phase of the peak. The channel to select the peak of the spike and the nu mb er of spikes that were av eraged are given for each patie nt .
Finite difference modeling
For each patient, FDM head models were constructed based on the presurgical anatomical MR images of the patients. Nested meshes representing the scalp, outer skull and inner skull were extracted from the MR images in SPM. These meshes were subsequently converted to volumes. We segmented gray matter, white matter and CSF using Freesurfer segmentation techniques (Fischl, 2012) .
Based on these segmentations and the inner volumes that were built from the surface meshes, 5-layered head models were constructed including scalp, skull, gray and white matter and CSF layers. The conductivity of the CSF was set to 1.79 S/m (Baumann et al., 1997) The averaged spikes and topographies corresponding with the spike peak and at 50% of the spike peak for the 27 channels recordings in patients 4 to 6. The vertical dashed lines correspond with 50% of the spike peak during the rising phase of the peak. The channel to select the peak of the spike and the number of spikes that were averaged are given for each patient.
volumetric head models were resampled to 1 × 1 × 1 mm voxel resolution.
For each of the head models, the source space was constructed based on the segmented gray matter. The dipoles were assumed inside the gray matter (excluding the cerebellum) on a cubic grid equidistant to each other with a 1 mm spacing. We ensured that at least 2 voxels of gray matter were between the central node of the dipole model and the boundaries with other tissues in the x, y and z directions. This resulted in approximately 10,000 dipoles inside the gray matter for each of the models. We subsequently subsampled the dipole source space with a spacing of 3 mm resulting in approximately 2000 dipoles inside the gray matter for each model.
Inverse modeling 3.2.1. ECD and LORETA
The details of the ECD modeling technique can be found in Scherg (1990) . For the LORETA solutions we used the CARTOOL software for the LSMAC forward models and an in-house approach for the FDM models. The details of the LORETA approach can be found in PascualMarqui et al. (1994) .
Multiple sparse volumetric priors
In the multiple sparse volumetric priors approach, multiple active regions in the brain can be introduced as priors before inversion in order to estimate the intensity of multiple sources that are distributed in the brain of the patient. Each region is modeled as a covariance component that can be introduced to model the prior variance of a specific area in the brain based on the idea that an area that is modeled with a high variance is more likely to be active. After introducing the priors, the intensities of the dipoles in the distributed source model are estimated using a variational Bayesian scheme by optimizing the free energy cost function. The mathematical details of the MSVP approach are explained in Appendix A. We applied the MSVP technique using the LSMAC forward models and the finite difference forward models.
LSMAC models
For each of the considered dipoles in the source space, 3 different covariance components corresponding with the x, y and z-direction, were introduced for inversion. For each of the covariance components, only the diagonal element corresponding with the index of that specific dipole was considered to be different from zero. As such no information about the neighborhood of the dipole was included. This approach can be seen as a multiple dipole model for which every dipole has the same likelihood to be active.
Finite difference forward models
In order to apply the MSVP technique, the orientations of the dipoles were determined based on the curvature of the segmented white matter (see Phillips et al. (2002) and Strobbe et al. (2014b) for more details). Based on the dipole source space in each patient, we constructed 100 possible sets of 256 sparse volumetric regions.
For each set of volumetric regions, we assured global gray matter coverage by randomly selecting 1 dipole seed from all possible locations in 256 fixed gray matter volumes covering the full gray matter. For each of the dipole seeds a region was subsequently grown inside the gray matter of the patient (Strobbe et al., 2014b) . The maximum distance to the original dipole and the smoothing factor were set to 5 mm and 0.6, respectively. Each of the regions was subsequently introduced as a single predefined covariance matrix. As such, 256 covariance matrices were introduced as priors for inversion.
The most likely set of the 100 possible sets of volumetric regions was finally selected based on Bayesian model selection using the free energy values corresponding with each of the inversions, see Appendix A.3.
Comparison of the ESI approaches
For all the ESI approaches considered in this study, we calculated the distances to the resected zone (d r ), defined as the closest distance of the estimated activity to the resection border, which is illustrated in Fig. 3 . For the ECD approach, we calculated the d r for the dipole source corresponding with the spike peak and at 50% of the spike peak. For the LORETA approach we calculated the d r based on the dipole source with the maximum estimated activity corresponding with the spike peak and at 50% of the spike peak. For the MSVP approach, the time courses of all the dipoles were estimated corresponding with tree different windows: (i) a window starting before the spike peak and ending at 50% of the spike peak during the rising phase of the spike, (ii) a window starting before the spike peak and ending at the spike peak and (iii) a window starting 50 ms before the spike peak and ending 230 ms after the spike peak. Subsequently, the source with the maximum estimated energy from −50 ms to 50% of the spike peak during the rising phase of the spike was selected and d r was calculated for each of the different time windows. The same amount of prior variance was assumed on all electrodes. Fig. 3 . Illustration of the distance to the border of the resection for each of the considered approaches. For the LORETA and MSVP approaches, the maximum estimated intensity of the dipole in the distributed source model is used to calculate the distance.
Results
Overall results
LSMAC forward models
The d r values for each method are shown in Fig. 4 . Overall, the mean and standard deviation of 7.1 ± 6.0 mm for the d r based on the LORETA approach at the peak of the spikes were the smallest. For the LORETA approach at 50% of the spike peak we found 12.5 ± 11.0 mm. For the MSVP method using the time window from −50 ms to 50% of the spike peak, from −50 ms to the spike peak and using the full spike time window, we found 11.4 ± 7.1 mm, 14.1 ± 11.2 mm and 11.6 ± 7.0 mm, respectively. For the ECD solutions we found 10.2 ± 6.6 mm at 50% of the spike peak, and 8.5 ± 6.4 mm at the spike peak.
In one patient, the proposed MSVP method, using the time window from −50 ms to the peak, estimated the maximum activity inside the resected zone, compared to two patients using LORETA at the spike peak.
Finite difference forward models
The d r values for the LORETA, ECD and MSVP approach using the finite different methods are shown in Fig. 5 . Overall, the mean and standard deviation of 3.8 ± 5.1 mm for the d r based on the proposed MSVP method using the full spike time course were the smallest Fig. 4 . The distance to the resection border, d r (in mm) for each of the patients (P1 to P6) and for the different inversion methods. In the table below, the means and standard deviations of each method are given. The stars denote the situations in which the activity was correctly estimated inside the resected area. Fig. 5 . The distance to the resection border, d r (in mm) for each of the patients (P1 to P6) and for the different methods. In the table below, the means and standard deviations of each method are given. The stars denote the situations in which the activity was correctly estimated inside the resected area.
distances to the border of the resection. For the MSVP method using smaller time windows, i.e. from −50 ms to 50% of the spike peak and from −50 ms to the spike peak, we found 10.8 ± 9.3 mm and 14.1 ± 11.2 mm, respectively. The mean and standard deviation of d r based on LORETA were 12.5 ± 11.0 mm at 50% of the spike peak and 7.1 ± 6.0 mm at the spike peak. For the ECD solutions we found 10.2 ± 6.6 mm at 50% of the spike peak, and 8.5 ± 6.4 mm at the spike peak.
In three patients, the proposed MSVP method using the full spike time course estimated the maximum activity inside the resected zone, compared to two patients using the MSVP method based on a window cropped to the rising phase of the spike. Using the LORETA approach, the maximum activity was estimated inside the resected zone for one patient at 50% of the spike and for two patients at the spike peak. For the ECD approach the activity was estimated inside the resected zone for one patient at 50% of the spike peak and at the spike peak.
The overall maximum distance to the resection of the MSVP approach using the full spike time course was 12 mm compared to 14 mm and 24 mm for the LORETA solutions at 50% of the spike peak and at the spike peak, respectively, 16 mm and 15 mm for the ECD solution at 50% of the spike peak and on the spike peak, respectively, and 23 mm and 23 mm for the MSVP approaches based on a window cropped to the rising phase of the spike.
Comparison of the forward modeling approaches
In Fig. 6 we compared the distances to the resection border of the LORETA, ECD and MSVP approaches using the LSMAC and FDM forward models respectively. For 4 of the 7 approaches, i.e. the LORETA approach at 50% of the peak, both ECD approaches and the MSVP using the full spike time window, the FDM forward models resulted in smaller distances to the resection border. Only for the LORETA approach at the peak of the spike we found that the LSMAC models resulted in smaller distances to the resection border. For the other MSVP cases there was no clear difference.
Individual patient results
The results of patient 1 are presented in Fig. 7 . In the first row we show the resection in horizontal slices. The ESI results are shown table-wise below. The rows represent the inversion approaches and the columns the forward modeling approaches. For each of the methods we show the activity in three orthogonal slices on top of the postoperative MR image. For the LORETA approach, we show the 95 percentile of the activity corresponding with the activity at 50% of the spikes peak during the rising phase of the spike. The slice indices correspond with the location of the maximum estimated activity. For the ECD and MSVP solutions the location of the estimated sources are also shown on top of the post-operative MR image. To select the slices, we used the average location of the estimated sources.
The results of the MSVP approach corresponding to the full spike time window and the finite difference forward models are presented in Fig. 8 . In subfigure A, a histogram depicts the number of reconstructions, corresponding to a certain free energy value, for different sets of MSVPs. We selected the set of volumetric regions corresponding with the highest free energy for further analysis in subfigure B. In subfigure B, we show the evoked energy (from − 50 ms to 50% of the spike peak) for the estimated time courses of the estimated dipoles. The sources with the highest energy are depicted by S1, S2, S3 and S4. In subfigure C, the time courses of the sources are shown. The dipole with the highest energy in a time window from −50 ms to 50% of the spike peak is depicted by S1 and its location and region extent is shown on top of the post-operative MR image in subfigure D. The results for the MSVP approach using the other time windows and for the LSMAC forward models were generated equivalently.
All the results for the other patients can be found in Supplementary materials and are presented in the same fashion.
Discussion
This paper demonstrates a hierarchical Bayesian ESI approach to estimate the sources generating interictal spike activity in scalp EEG. The approach is based on the multiple sparse volumetric priors technique and uses a maximum energy criterium on the estimated dipole intensities, to identify the primary sources of the activity, i.e. the sources where the activity originated from. The localization results clearly corresponded to the resected zone in all patients. We compared the approach with the results of the LORETA approach and an ECD modeling technique. Overall, we found equally good or smaller distances to the resection border for both the spherical forward models and finite difference method models with robust results for all patients. We found that using the finite difference models, the distances to the resection border for the MSVP inversions and the full spike time periods were generally smaller compared to the MSVP inversions of the time periods before the spike peak. We did not observe clear trends for the LORETA and ECD approaches comparing the activity estimated at the spike peaks and at 50% of the spike peaks. The results suggest that the inversions using the finite difference models resulted in slightly smaller distances to the resection border compared to the spherical models.
For the LSMAC forward models we did not introduce volumetric regions as source priors. The LSMAC forward models consist of 3-layered spherical head models that do not incorporate the gray matter in the Fig. 6 . Comparison of the distances to the border of the resection for the LORETA, ECD and MSVP approaches using the LSMAC and FDM forward models respectively. LOR 50%: LORETA at 50% of the peak, LOR peak: LORETA at the peak, MSVP 1: MSVP (−50 ms to 50% peak), MSVP 2: MSVP (−50 ms to peak), MSVP 3: MSVP (−50 ms to 230 ms). The error bars denote the standard deviation over the 6 patients. volume conductor model itself. As such it is not relevant to grow regions within a gray matter boundary because this could lead to model misconceptions. For simplicity and comparison purposes with the other considered techniques we therefore chose to introduce each dipole as a separate prior.
This study can be compared to other recent studies that showed the potential of Bayesian approaches using a distributed source model to estimate the underlying sources of interictal activity (Heers et al., 2014 . In these studies, the authors chose to use the whole time window for spike inversion. Here, we evaluated the influence of using smaller time windows before the spike. The reason to use smaller time windows before the spike was to evaluate the algorithm in conditions where it was not forced to reduce the error for the peak activity and thereby ignoring the activity of interest. We found that the choice of the time window clearly affected the location of the region with the highest energy, which is similar to the findings reported in Lantz et al. (2003) . For the finite difference forward models, we found that the distances to the resection border for the MSVP inversions of the time epochs before the spike were generally higher compared to the MSVP inversions of the full spike time period. We assume that this observation is due to increasing noise levels in the beginning of the rising phase of the spike. In order to investigate this more in depth, more patients are needed. As stated in the introduction, we assumed that the very early phases of the interictal spike activity originated inside the resected tissue and the activity then propagated to adjacent regions in the temporal cortex to generate clearly observable spike activity in the EEG. Note that the resection of tissue can therefore lead to the disappearance of spikes in postsurgical EEG, even if the location of the interictal spike, as observed in presurgical EEG, is in unremoved tissue. Because of propagation of the interictal spike activity to the neighboring areas in the brain, we have to be careful to use the resection border to evaluate the different methods. Especially for patients 1, 2, 4 and 6 who underwent a left or right selective amygdalohippocampectomy caution is warranted. Discharges in the hippocampus or amygdala are assumed to produce no observable scalp EEG rhythms (Pacia and Ebersole, 1997; Jan et al., 2010; Yamazaki et al., 2012) . The interictal spike activity observed in the EEG is caused by adjacent regions in the temporal cortex because of spreading from the hippocampus or amygdala as was shown in Zumsteg et al. (2006) , Merlet et al. (1998 ), Carrette et al. (2011a , and Koessler et al. (2015) . Patients 3 and 5 had a 2/3 anterior temporal lobectomy. In these patients the resected zone was larger. For patients 3 and using the finite difference forward models, all the approaches estimated the activity inside the resected zone except the LORETA approach at 50% of the spike peak and the ECD approach at the peak of the spike. For patient 5, only the LORETA approach estimated the activity inside the resected zone, both at 50% of the spike peak and at the spike peak for the spherical forward models and at 50% of the spike peak for the finite difference forward models. In order to estimate the IZ more precisely, (simultaneous) intracranial recordings are necessary. These were however not available for all the patients in this study.
So far many studies in EEG source imaging for presurgical focus localization used ECD models (Boon et al., 1997a; Ebersole, 2000; Ebersole and Ebersole, 2010; Wennberg and Cheyne, 2014) . The ECD model is limited because it does not allow to investigate the spatial extent of the sources corresponding with the interictal activity because the ECD only represents the center of mass of the generators of interictal activity. Since combined EEG with intracranial EEG and MEG with intracranial EEG studies have demonstrated that extended areas should be at least 6 to 10 cm 2 of synchronously active cortex to produce IEDs in EEG recordings (Mikuni et al., 1997; Lantz et al., 2003; Tao et al., 2005; von Ellenrieder et al., 2014) we have to be aware of the fact that a point source, like an ECD, that models such an extended source must be deeper in the brain than the actual generating cortex (Ebersole and Ebersole, 2010; Koessler et al., 2015) . Recent studies proposed techniques such as the maximum entropy on the mean (MEM), similar to MSVP, and ExSO-music to estimate the spatial extent of the sources that generate EEG signals (Chowdhury et al., 2013; Birot et al., 2011; Becker et al., 2014) . Especially in the Heers et al. (2015) study, it was shown very elegantly that the MEM method was capable of estimating the spatial extent of the sources generating interictal spike activity. In order to be sensitive to the spatial extent of the sources in a hierarchical Bayesian framework, Chowdhury et al. (2013) suggested to use regions with a size that was larger than the size of the expected sources. Since the area of the sources should be at least 6 to 10 cm 2 , we chose to set the parameters of the region growing and the smoothness factor for the MSVP approach using the finite difference models, in such a way that the volume of the regions was approximately 3 by 3 by 3 mm. The choice of these parameters will influence the extent of the estimated activity. The thorough investigation of these settings was not within the scope of this study. A set of volumetric priors was constructed for the MSVP approach using the finite difference models by randomly selecting 1 dipole seed from each of the 256 different fixed regions in the gray matter of the patient to cover the whole gray matter layer. Different numbers could also have been evaluated but we do not expect much differences in the results since Chowdhury et al. (2013) showed that the MEM framework was able to estimate simulated sources whatever the number and size of the regions were defining the inversion model. A smaller number of volumetric regions would result in smaller sampling of the gray matter and higher numbers would increase the complexity of the problem. Using the MSVP technique, each of the priors is weighted based on the data by estimating the hyperparameters, so the most relevant priors are selected for any set of priors anyway. A thorough evaluation of the size and number of regions was outside the scope of this study. Moreover, regions constructed based on (f)MRI prior knowledge, clinical results from PET or SPECT studies of the patients, etc. can easily be introduced in the MSVP framework. Afterwards it can be evaluated whether the results improve with additional prior knowledge using Bayesian model selection.
Note that we only selected the solution with the highest free energy to compare the estimated activity based on the MSVP approach with finite difference forward models. In some cases there were inversions with similar free energy values near the highest free energy value. For these solutions we calculated the Bayesian Model Average (BMA) in an interval of 3 from the highest free energy (Trujillo-Barreto et al., 2004; Lopez et al., 2012) . The BMA approach did however not influence the selection of the source location with the maximum activity and therefore did not influence the findings based on the results corresponding with the maximum free energy.
An important factor influencing the ESI results is the choice of the forward model for the ECD, LORETA and MSVP technique. In this work we used both spherical and 5-layered patient specific head models. Moreover, we used both free and fixed orientations of the dipoles. Although the work of Birot et al. (2014) suggests there is no need for highly sophisticated head models in clinical applications, the results in this study indicate that the more realistic FDM forward model may result in smaller distances to the resection border. In order to validate this, more patients are needed and the results should be verified with intracranial EEG recordings to clearly delineate the IZ.
There are some issues that we did not address in this paper. For example the time window around the spike peak we used for inversion, i.e. −50 ms to 230 ms, could be chosen differently. In general, it is important to include the rising phase (from −50 ms to the peak) of the spike in order to include the origin of the epileptic activity (Lantz et al., 2003; Rose and Ebersole, 2009; Plummer et al., 2008) . Moreover, for the LORETA and ECD approaches, we only evaluated the results corresponding with the peaks of the spikes and at 50% of the peaks. More time points could have been shown but we did not include this in the study because of small localization differences or bad ECD fitting due to increasing noise levels in the beginning of the rising phase of the spike. We only evaluated averaged spikes for inversion because the ECD solutions for single spikes were highly sensitive to noise. Finally, we analyzed both 27-channel and 64-channel EEG data but did not evaluate the effect of using a different number of electrodes because of the small patient group and the small differences we found between the distance to the resection. There are many opportunities for future work. First of all network effects can be studied based on the estimated time courses of the dipoles. This can be investigated in future studies using different techniques than the energy criterium that was suggested here, to estimate connectivity patterns between the sources, for example using dynamic causal modeling (Lemieux et al., 2011) or functional connectivity approaches . Moreover, it is important in future studies to evaluate the applicability of ESI techniques in order to localize seizure activity. In this context, it is also important to focus on the network aspects of the estimated activity of the sources in order to localize the origin of the activity (Ding et al., 2007; Lu et al., 2012) .
Conclusion
In this article, we presented an ESI technique to localize interictal spike activity based on patient specific head models and by introducing multiple volumetric sparse regions in a hierarchical Bayesian framework for distributed sources. The technique uses a specific timewindow of the interictal spike activity to estimate the time courses of the intensity of the sources and subsequently selects the primary sources using a maximum energy criterium on the estimated source intensities during the rising phase of the spike. Based on averaged interictal spike data in six patients, the findings suggest that our approach is potentially useful to delineate the IZ in addition to other distributed approaches such as LORETA and the ECD model. In addition, the findings suggest that it is potentially useful to use 5-layered forward models compared to 3-layered spherical forward models.
